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1. Introduction

Foams of various materials are widely used in lightweight indus-
trial applications due to their specific properties.[1,2] Among
these, metal foams offer good thermal and electrical conductivity
as well as high specific strength and stiffness in addition to other
properties such as high vibration damping and shock absorption
capability. Hereby, aluminum foams are the most common type
of metal foams for mechanical applications.[3–6] However, as

finely structured materials, metal foams
are also subject to a high sensitivity toward
degradation from its large surface and have
a poor resistance against tensile stresses. To
remedy this and to improve their stiffness,
metal foams are often employed as a foam
sandwich, where a central core of foamed
material is surrounded by a face sheet of
bulk material as the top and bottom layer,
providing the material with an increased
toughness against tensile stresses and
bending stiffness as well as providing a pro-
tection against corrosive attacks.[5,7–10]

Further, the face sheets allow for a better
welding or other types of joining techni-
ques. Commonly used sandwich configura-
tions consist of a core and two face sheets
made of different aluminum alloys which
are connected by a metallic bonding. This
design is called aluminum foam sandwich
(AFS). Due to their foam core, AFS quality
is strongly dependent on a low dispersion in
the cell size distribution,[11] specific den-

sity,[9] and the sphericity of the cells.[12] All these parameters
can be measured with X-Ray computer tomography (XCT).
However, during production, quality control of these features can-
not be carried out nondestructively as the sample size is often
simply too large[13] and XCT acquisition times are too long.
Therefore, the available nondestructive methods with acquisition
times in the seconds rangemust be improved to provide the afore-
mentioned information. Amongst those methods 2D-X-Ray radi-
ography proves as a promising candidate as it can capture the
entire information as an integration of absorptions of all constit-
uents in the path from the source to the detector at each pixel with
resolutions in the micrometer range. A proper disentanglement
of this superpositioned data should therefore be able to provide an
insight into the features as mentioned above. For example, given a
known attenuation coefficient, using the Lambert–Beer law, the
specific density can be calculated. As Körner et al. have shown, the
specific density is correlated with the mean cell diameter.[14] In
contrast, the more complex distribution data is much harder to
acquire. With the emergence of artificial intelligence, a new
opportunity for data analysis became unlocked, where neural net-
works can be trained to reconstruct, characterize, or evaluate
X-Ray radiographies to obtain the above-mentioned AFS descrip-
tive parameters, if enough training data is provided. Deep learn-
ing neural networks have for example been employed to detect
Covid-19 in tomographies[15] and X-Ray images.[16]

In cellular media many of the neural networks employed focus
on the segmentation of images, attempting to supersede the
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The difficult determination of morphological properties in metal foams stands
behind the reasons why metal foams are not widely used in industry, since quality
control of the batches produced is limited to destructive methods. To approach
this challenge, a new method of analysis of morphological properties based on
2D X-Ray radiograms and the employment of a new Convolutional Neural
Network architecture is proposed. The training of this model is based on a
combined approach of simulating simplified foams as pretraining data and the
acquisition of real experimental data, extracted from X-Ray computer tomogra-
phies. The network is trained successfully with 41 foams to obtain predictions for
cell size distribution between 0.3 and 5mm, as well as sphericities in ranges from
0.4 to 1. In addition, tests are carried out to get an insight into the robustness of
the model when confronted with similar data that are not included in the training
process. It is found that the effectiveness of the neural network increases with a
larger number of cells in the observed volume where above 500 cells per volume
92.5% of sphericity predictions and 99.4% of cell size predictions passed the
Kolmogorov-Smirnov test.
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computationally taxing conventional image analysis methods like
the watershed algorithm or Otsu thresholding.[17–21] These seg-
mentation approaches enable the user to then acquire the rele-
vant cellular parameters from the volumetric data. It has been
established that through the employment of a neural network
it is feasible to acquire descriptive data from 2D images
directly[22–26] while some approaches take a middle path by
reconstructing a virtual 3D representation from orthographic
projections where segmentations can be performed upon.[27,28]

Transferring that knowledge, we therefore propose to train a
neural network to quantify typically 3D parameters from two-
dimensional radiographic images of the object of interest as
created through X-Ray radiography. (comp. Figure 1)

2. Experimental Section

2.1. Experimental Data Acquisition and Augmentation

XCTs were carried out on 45 different metal foams, half of which
were AFS. To provide training on a broad set of samples, the
dimensions of the foams were widely varied and ranged from
20� 20� 15mm to 90� 150� 40mm pieces with the limiting
constraints being the decreasing number of cells in the foams
on the lower end and the size of the X-Ray detector on upper
end. The tomographies were prepared in nine batches by hotglu-
ing the aforementioned metal foams together, which allowed for
a larger number of foams per batch as the low X-Ray absorption
coefficient of the hot-glue made for an easy removal during the
segmentation step. The specifics of the experimental setup can
be viewed in Table 1.

The acquired projection images (Figure 2) were reconstructed
with the software “Octopus reconstruction” (Inside Matters, ver-
sion 8.8.2.7) and digitally cut and segmented via “Avizo”
(Thermofischer, Germany, version 9.0.1), with a 3D resolution
of 0.041mm. During the cutting process the bulk plates of
the AFS were digitally removed. Unsegmented volumes were
saved alongside segmented ones for later use as projection

radiograms. To augment the data subvolumes Vsub ¼ a2t were
sliced from the volume V0 of the cuboid foam tomograms
V0 ¼ a0 b0 c0; a0 ≥ b0 ≥ c0. The dimensions a, t of the sliced
subvolumes were set with a cut of the length t ∈ ½0.7c0, c0�, made
along the short side of the cuboid base volume and cuts of length
a ∈ ½256 voxel, b0� made to the remaining two sides. Based on
equal probabilities the slices were then rotated by multiples of
90° as well as mirrored. In this way, roughly 6600 distinct sub-
volumes were created from 41 volumes. The remaining four vol-
umes where augmented into 850 subvolumes and set aside to
test the final model with.

2.2. Foam Simulation

In addition to the experimental data acquisition and augmenta-
tion, artificial foam volumes were created by performing a 3D
Voronoi tessellation. Simulated foams produced this way, pro-
vided a good trade-off between computational costs and close-
ness to real, complex foam structures[29,30] and had in the
context of grain size distributions already been successfully

Figure 1. Comparison of the time frames between the conventional method to 3D parameter acquisition and the proposed method.

Table 1. Experimental parameters of the XCTs.

Category Setting

Configuration Cone Beam

X-ray source Hamamatsu, Tungsten target, 100 kV, 500 μA

Detector Flat panel, 50� 50 μm per pixel

Distance: source-detector 900 mm

Distance: source-object 735 mm

Number of images 1001

Acquisition mode Integral of four images

Acquisition time 4� 500ms

Rotation angle 360°

Field of view 2240� 2368 pixel
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employed for the training of neural networks.[31] To improve the
visual similarity to real wet foams like metal foams, the Voronoi
foams were then modified by consecutive use of a median and
Gauss filter to blur and therefore widen the 1 pixel thick cell wall
and a threshold filter to re-binarize image. This was followed by
an iterative process by which cells were reshaped by increasing
the number of voxels closer to the vertices and the initial Voronoi
grid based on the number of already present neighboring voxels.
Simulated volumes were then segmented using a watershed
algorithm. Randomly varying the parameters of the Voronoi tes-
sellation and the subsequent filters yielded 5000 distinct volumes
for further processing pretraining data, close to doubling the
amount of information the network was fed during the training
process.

2.3. Dataset Handling

As the target data was a quantitative parameter distribution (his-
togram) of all the cells in the volume. (compare Figure 3), cor-
responding pairs of input images and output histograms (also
referred to as expected data or expected distribution) were created
to train and test the model. Therefore, for each volume the con-
tained cells were analyzed in terms of cell volume and anisotropy.
To prevent division-by-zero errors during the later principal com-
ponent analysis (PCA) cells below a size of seven voxels were dis-
carded as artifacts. Additionally, only cells fully contained within
the volume were analyzed. To quantify the cell volume, the num-
ber of voxels per each cellNvoxel was acquired andmultiplied with
the volume of a singular voxel Vvoxel. An equivalent diameter D
was then calculated from that volume under the assumption of
each cell being perfectly spherical.

D ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
6
π
V voxelNvoxel

3

r
(1)

The quantification of the anisotropy was performed by calcu-
lating the WADELL sphericity Ψ per each cell via a PCA of the

positional data for each voxel within.[32,33] The square root of
the eigenvalues ½λ1, λ2, λ3� of the voxels for a PCA of each cell
were equivalent to the lengths of the axis of an ellipsoid that
is enclosed the cell. Based on that, the WADELL sphericity was
calculated as follows

Ψ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
λ3ffiffiffiffiffiffiffiffiffi
λ1λ2

p3

s
; with λ1 ≤ λ2 ≤ λ3 (2)

For the sphericity as well as for the cell diameter the data was
then compiled into histograms for each volume by summing up
the counts of cells with parameters values within specific inter-
vals. The bin count nbin, interval Ibin and width dbin were chosen
to best reflect the dataset as shown in Table 2. After a rescaling
(xmin ¼ 0, xmax ¼ maxðall histogramsÞ), these histograms that
made up the output data the model were trained on and evaluated
(Figure 3, Output).

Equally, following a rescaling, the image scales and the thick-
nesses per each subvolume were stored as metadata (Figure 3,
Input 2). Then the images used as input values were created
by a projection in thickness direction of the segmented volumet-
ric data for the Voronoi tessellation and the unsegmented slices
of tomograms for the experimentally acquired data. The projec-
tions were then reduced in dimensions to a size of 256� 256
pixel (Figure 3, Input 1). The data was randomly cut into three
sets of the according proportions: 70% training, 20% test, 10%
evaluation. This served to retain a sub-set of data that was entirely
unknown to the trained neural network. The sets for the sphe-
ricity and cell size distribution model were individually random-
ized. To summarize the scope of the training data and as such the
resulting model the training data was encapsulated within the
following parameter: The real length of the square projection
images was between 10 and 80mm while the depth projected
toward, ranged from 7 to 75mm. Only projections exclusively
containing cells were utilized and therefore no partial images.
The cell sizes ranged from 0.3 to 5mm and the distributions

Figure 2. Examples of metal foams from reconstructed tomograms. Left: Stack of images as prepared for the image acquisition. Right: Singular metal
foam from the stack.
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of the sphericities of about 0.4–1, which did not diverge from
those usually found in metal foams.

2.4. Network Architecture

The network consisted of three major segments, namely the
Encoder, the Feature layer and the Magnifier layer (see
Figure 3). The core of the neural network was the Feature layer
or Feature MLP (Multilayer perceptron) and was made up of sev-
eral fully connected layers. The Feature layer takes the encoded
image and metadata and precomputes them into a vector, con-
taining encoded information of the relative distribution data
(Feature vector). The Feature MLP requires 2 types of input:
1) the previously mentioned metadata comprising of normalized
scale and thickness information and 2) an encoded version of the
projection image. The encoding of the projection image was car-
ried out by a separately trained Encoder. Its purpose was to reduce
the input dimensions of the projection image from 256� 256
pixel (65 536 8-bit float values), to a more manageable encoded
vector of 500 values, reducing it by a factor of about 131. This was

achieved by training an Autoencoder on reproducing the input
data and then using the Encoder section. This approach greatly
improved training times and consistency. To correct the data
in shift and scale, the Feature layers output was further enhanced
through the employment of another branch of the deep learning
network, the Magnifier. The convolution of its output with the
padded output of the Feature MLP produced a rectified prediction
of the distribution data in question. The Magnifier was a small,
fully connected, deep network of which the inputs consisting of
the metadata and ten values split from a bottlenecked section of
the Feature MLP. To perform the final convolution, the size of the
Magnifiers output vector was bound to the lengthm of output vec-
tor X of the Feature MLP with X ∈ ℝm. Accordingly, the
Magnifiers output is a vector M of the following dimensions:
M ∈ ℝy, n ¼ 2ðm � 1Þ þ 1. To result in a convolution without
a loss in length, the Feature vector X must be padded with zeros
to the new dimensions Xpad ∈ ℝ3m�2. While the (Auto-)Encoder
was trained separately on the input–input dataset, the Feature
MLP and Magnifier were trained together on the input–output
datasets.

The resulting output was a vector of the normalized absolute
counts per each bin in the histogram (modified feature vector).
For the loss function the mean square error function was used.
In the case of the Autoencoder this compared normalized pixel
values of the input and the decoded output image and sumed
up the difference over all the pixels of the images. The loss func-
tion used for the distribution data was a slightly modified version
of the mean square error function which allocated a small

Figure 3. Structure of the employed network. After encoding the image information, the pixel scale and thickness of the original volume are injected as a
secondary input. This provides the network with sufficient information to predict the distribution of 3D parameters.

Table 2. Binning parameters for distribution datasets.

nbin Ibin dbin

Cell size distribution 75 ½0, 5�mm 1
15mm

Sphericity distribution 30 ½0, 1� 1
30
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additional loss for larger variances between the error values of
neighbouring vector components, resulting in more uniform dis-
tributions. The network was created in Python using PyTorch
under the use of the Adam optimizer.[34] The activation function
for each neuron was LeakyReLU[35] which proved particularly
useful in improving the training effectiveness of the
Autoencoder where “dying” neurons where a significant issue
before when using standard ReLU. The number of neurons
per each layer can be found in Figure 3, represented through
the number in italics next to each layer. Every training was con-
ducted with a batch size of 5.

2.5. Training Process

Three different training steps were performed to train the final
network on one type of regression. As shown in Figure 4a, the
initial step concerned the training of the Autoencoder. For this
purpose the Autoencoder was subjected to a combined data set
of simulated and experimentally acquired images. The training
was conducted until convergence was achieved. With the Encoder
in place the remainder of the network was first subjected to

pretraining on simulated projection images. This training batch
was run for different sets of hyperparameters until a regression
model was found that would produce precise results for most
simulated projections. The quality of the model was then pre-
evaluated by three statistic metrics: 1) Plotting the average diam-
eter or sphericity of modeled histograms from test data over the
expected data. 2) Plotting the summed-up cell volumes of mod-
eled and real data against each other. In case of the sphericity, the
fraction value was summed up. In both cases, this allowed for a
quick insight into how well the model predicted the total number
of counts per bin. 3) Testing for passing the Kolmogorov–
Smirnov test (KS test) between test and training data such, that
the resulting prediction distribution ppredicted can be considered to
be of the same ground truth as the expected distribution pexpected
(By rejecting the null hypothesis H0 if its probability P is less
than α. H0∶ppredicted 6¼ pexpected; α ¼ 0.05;PðHj0Þ < α).[36,37]

The best pretrained model was then used in the main training
which was conducted on experimentally acquired specimens.
Pretraining on the simulated data yielded a tangible decrease
in training epochs and a lower initial and final loss for the pro-
ceeding main training compared to conducting the main training

Figure 4. Loss convergence of the model trainings. a) After an initial training of the Autoencoder, the Encoder section of it was then plugged into themodel.
b,c) The resulting network architecture was then trained to predict the cell size distribution and d) cell sphericity distribution. To improve efficiency, the
training for the prediction of the pore size distribution was performed in two steps where the network was pretrained on simulated foam data and then
finished on experimental data. The training was halted at the epoch represented by the dotted line, when the training loss would no longer decrease. The
column on the right side shows the smoothed derivative of the loss evolution, enhancing the point of diminishing returns. The annotated value cor-
responds to the loss value of the test data rounded to the third significant digit.
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on an empty model. This final training was evaluated by the same
means as pretraining to sieve out the best performing networks
which were then subjected to a more thorough evaluation. Due to
the difference of the sphericities featured by Voronoi foams and
real foams, the pretraining for the sphericity distribution was
omitted. The loss convergence of the chosen foams is displayed
in Figure 4b–d. The main training of the cell size distribution
(Figure 4b) was halted at an earlier point to avoid overfitting.

2.6. Distribution Prediction

After the main training was completed, the resulting model was
able to predict the distribution of cell sphericities and cell sizes to
varying degrees. Figure 5 shows three examples of predictions
that were taken from the common images in the evaluation data
set of both models. As visible in Figure 5a, the model was capable
of achieving a good match to the real data as gained from the
segmentation. This was true even for more complex situations,
as shown in Figure 5b, where a compression had caused an area
of collapsed cells (darker region). However, there were some pro-
jections that where challenging for the model to predict like the
projection shown in Figure 5c.

3. Discussion

3.1. Model Evaluation

To evaluate the model, the validation data set is subjected to the
final model. To measure the goodness of fit in addition to the KS-
test the residuals are calculated as a difference between modeled
values and expected values per each bin. The standard deviations
SD of all relative residuals r per prediction are used as a measure
for model precision. With y⋆y being the modeled value, yn the
expected value, and nbin ¼ n as the number of bins, it is calcu-
lated as follows

rn,rel ¼
ynP
yn

� y⋆nP
y⋆n

, rn,rel ¼
1
y

Xy
rn,rel,

SDr,rel ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xy

ðrn,rel � rn,relÞ2
s (3)

Model accuracy is evaluated through the mean absolute scaled
error (MASE), a measure often involved when different scales of
data are to be compared.[38,39] Using the mean expected value y as
base prediction, the error is calculated as such

MASE ¼ 1
y

Xn
jyn � y⋆n j

Xn
jy � ynj

(4)

Using the summed-up predicted values (Figure 5d) as an
indicator, a higher number of cells appears to correlate with
increasingly better predictions. Plotting the test criteria over
the number of cells which are fully included in the input projec-
tion image reveals that the goodness-of-fit increases with the cell
count as shown in Figure 6. This is evident in the decreasing
MASE (Figure 6a,d) and standard deviation of the residuals

(Figure 6b,e) that asymptotically approach a lower boundary of
below 1 and 0.01 respectively. This coincides with an increased
ratio of pass-to-fail for the KS-test up to 1 for larger numbers of
cells in the projection image (Figure 6c,f ). Consistent matches
between model and reality are achieved above a cell count per
image of 500 for cell size distributions and 300 for the sphericity
distribution. In total 42% of predictions passed the KS-test for the
cell size distribution model. However, the percentage increased
to 87.4% for images with more than 500 complete cells in the
image. 92.5% passed the KS-test for the sphericity model increas-
ing to 99.4% above 500 cells per projection image.

3.2. Behavior Toward Unfamiliar Data Sets

Testing the neural network on unfamiliar data sets reveals that
the general trend repeats itself. Figure 7b shows the decrease in
standard deviation for the cell size distribution in four unfamiliar
foams. The plot reveals a general trend toward an increasing pre-
cision with higher cell counts. However, not all foams produce
results well below the 0.01 threshold for sphericity distribution
and the amount of passes for the KS test is considerably lower
than before. For three of the four tested foams, the MASE mostly
stays below 1 (compare Figure 7a). The graph does not show an
obvious trend towards reduction with higher numbers of cells per
projection. As the Encoder has only been trained on the initial data
set the loss of the Autoencoder was reevaluated for the unfamiliar
foam in Figure 7c. As apparent, the losses are on the same mag-
nitude as the one from the initial image (compare Figure 4).
This notion is reinforced by the similarity of features between
the encoded (Figure 7b) and the decoded images (Figure 7c).

3.3. Evaluation of Model Performance

The network structure that was proposed in the frame of this
work has proven the capability to reconstruct data of morpholog-
ical properties in metal foams, that can commonly only be
acquired through tomographic methods. The latter involve
reconstructing a 3D virtual representation, from projection
images of porous media such as AFS. In this context, a number
of key features and general limitations in the networks capabili-
ties have become evident.

The presented metrics for network evaluation strongly sug-
gests a connection between the number of cells contained within
the image and the precision and accuracy of the prediction. This
has two explanations, the first being that for the model training
partially contained cells were omitted. As those make up a much
larger portion of the projected volume if the total number of cells
is lower, the network is trained with naturally flawed data. In
extreme cases this leads to images where the relevant informa-
tion (complete cells) is located in less than half the pixels. The
network would have to learn to mask the irrelevant information,
a task that the core of the network, the Feature layer as a fully
connected layer, is ill suited to and the Encoder has not been
trained for. However, expanding the Encoders capabilities or
training a separate network to mask incomplete cells is within
the bounds of the achievable.

The second reason why images with a lower cell count per-
form worse is that the resulting histogram does not contain a
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Figure 5. Summary of prediction results for the presented models. a–c) depict selected projections as representations for different cases. In the cor-
responding row, the measured parameter distributions (blue) are plotted overlapping with the model-based predictions (yellow) from the projections for
cell size and sphericity. The overlap between the measured and predicted distributions is marked in green. d,e) contain the pre-evaluation metrics
employed for the initial model evaluation in each row corresponding to the target parameter the model was trained for. The red, yellow and green
squares within the plots correspond to the colour coding of the frames for the projections in (a–c).
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statistical distribution of cells as it would in larger volume pro-
jections. In contrast, the network structure appears to be more
capable of predicting the statistical distribution of the cellular
media it is subjected to. Within the limits of a thickness of at
maximum 90mm that the experimental X-Ray setup provided,
increasing the projected volume would not produce any adverse
effects. However, the trend of the encoder–decoder loss (Figure 7c)
hints at a limit for prediction quality improvements as the infor-
mation per pixel increases too much for the Encoder to handle.

Overall, the network performs much better for sphericity dis-
tribution predictions. This can be explained by there being less
variety between the shapes of distributions within the training
data set. The range of possible modes the network had to learn
was smaller, making loss convergence easier and the model
more precise.

When subjected to unfamiliar foams of the same family as the
model was trained with, precision and accuracy are lower. The
implicit prediction of the cell number, necessary for a high accu-
racy, does not persist as previously seen with the evaluation data
set. Conversely, the precision does still improve with the number
of cells. Overall, the network structure is transferable to previ-
ously unknown data of comparable foams and able to generate
predictions with a high goodness of fit. However, metal foams
feature a great diversity of structures which are often made more
complex by factors like spatial gradients in cell size and spheric-
ity, defects such as abnormally large cells, mechanically collapsed
regions or sections of bulk material where the foaming did not
set in.[40] Due to the limited scope of this work not all of these
cases have been included in the training set. Therefore, it is to be
expected that the quality of the model will increase with a larger

Figure 6. MASE, standard deviation of residuals and KS-test results over the number of cells per projection image on a log10 scale for cell size (a–c) and
sphericity (d–f ). Bin widths for plot (c) and (f ) were adjusted to the logarithmic scale. Due to the nature of logarithmic scales, zero-value results (images
without any full cells) have been filtered from the data. To reflect the assumption of a lower limit for infinitely high cell numbers, B-Spline curves have been
virtually padded with rightmost value.
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data set to train upon as generally discussed by Halevy et al.[41] In
this case, the inclusion of these different cellular structures in the
training sets, featuring other distribution functions, will expand
the models prediction capabilities.

4. Conclusion

In this article a novel approach to characterizing material param-
eters in metal foams has been presented. The network was
trained on simulated Voronoi foams and 41 XCTs of real metallic
foams. The foam data was subjected to an augmentation, which
resulted in a data set of 5000 simulated and 6600 experimental

X-Ray radiographic foam images. The training was aimed at the
regression of the cell size distribution and the sphericity distri-
bution from these images. A model evaluation was carried out on
an augmented data set taken from the initial 41 foams and on
another set taken from four unrelated foams of similar structure.
It showed that a neural network based on the presented architec-
ture was capable of predicting the cell size distribution and the
sphericity distribution of cellular media like metallic foams for
X-Ray images containing over 500 fully enclosed cells. The accu-
racy and precision are closely tied to the number of cells where
high numbers produce results of a quality comparable to tradi-
tional segmentation-based approaches of 3D XCT for determin-
ing the parameter distribution. As mentioned by Zhou et al.[21]

Figure 7. a) MASE, standard deviation of residuals for the prediction of the cell size distribution and encoder-to-decoder loss plotted against the number
of cells per image. The highlighted areas show a smoothed concave hull of each foams point cloud, serving as an approximate, visual representation of its
extend. The foams these prediction were done for were yet unknown to the neural network. b) depict the image corresponding to the largest number of
cells for each of the four foams. c) Matching decoded images are shown. A low encoder-to-decoder loss indicates that the Autoencoder performs as
expected for the unfamiliar foams.
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the key improvements in using a neural network for distribution
regressions lie in the much reduced preparation time and edu-
cational requirements as compared to alternative options. In
addition to this, the presented method allows for a fast in-line
application in quality control for industrial settings without inter-
rupting the production process. Additionally, the application is
not necessarily limited to metallic foams, but rather can be
adapted to other cellular media as required.
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